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Abstract 

Objective  

Symptoms such as energy loss and cognitive problems are prominent in both 

people with Multiple Sclerosis and with depression. Because depression is common 

among patients with MS and these illnesses have symptoms in common, the 

question is if symptoms play a different role in both diseases. This study used a 

network approach to compare the roles of individual depressive symptoms in the 

clinical picture of MS patients and controls.  

Methods   

Participants were assessed with the PHQ-9 at baseline and 6 biweekly follow-up 

points. A community sample from another longitudinal study was pair-matched to 

a MS sample based on baseline depression severity. Associations between PHQ-9 

symptoms were analyzed and compared using sparse longitudinal network models 

based on vector auto-regression (VAR).  

Results  

The contemporaneous general population displayed a higher density and node 

centrality than the MS network. All nodes of the general population network 

showed larger closeness compared to the MS network. Most of the general 

population network nodes showed higher strength. Longitudinal networks were 

empty for both groups except for some autoregressive effects in the MS group. 

Individual network analysis shows high variability around group-level analysis. 
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Conclusion 

A contemporaneous difference between groups was found in terms of density and 

centrality, indicating that depression symptoms could behave differently in people 

with MS. 
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Introduction 

Multiple sclerosis (MS) is a disease that affects the central nervous system and 

affects about 30 in 100.000 people globally (World Health Organization, 2008). MS 

goes together with a variety of physical and mental health problems. A particularly 

troublesome example is Major Depressive Disorder (MDD); the annual prevalence 

of MDD for people with MS is 16% compared to 7% in the general population 

(Patten et al., 2003). This is problematic considering that for people with MS, MDD 

is a risk factor for suicide and has a negative effect on treatment adherence (World 

Health Organization, 2008).  

MS and MDD have some overlapping symptoms. For example, people with either 

disorder may experience a decreased ability to focus as well as increased fatigue. 

This leads to the question whether MDD simply has a higher prevalence in people 

with MS because of the shared criterion symptoms, which could possibly lead to 

overdiagnosis of MDD in MS patients (World Health Organization, 2008). Another 

possibility is that depression symptoms play a different role in people with MS. For 

instance, the symptom of energy loss may be more likely to occur in MS patients 

than in non-patients even at similar levels of overall depression severity, or, might 

occur due to the MS even in the absence of depression. For more detailed 

information on the role of depression symptoms in combination with MS, see 

(Siegert and Abernethy, 2005). Also, the way in which symptoms like energy loss 

and cognitive problems are related to other depressive symptoms could differ 

between MS patients and non-patients. In psychiatry, a diagnosis of depression 

depends on having a depressed mood or loss of interest that are associated with a 

set of additional symptoms. DSM-5 requires at least five symptoms to be present 

during the same 2-week period. A person with depressed mood and less than 2-3 
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other symptoms would not be diagnosed. Yet a person with MS, who may be in the 

same non-pathological state vis a vis depression may achieve the required number 

of symptoms due to an unrelated occurrence of low energy and cognitive changes, 

without experiencing the same syndrome. To investigate differential roles of 

individual depressive symptoms, one should ideally investigate the role of these 

symptoms in MS and healthy samples with similar depression severity levels. 

Moreover, in order to investigate this problem, we need to focus on symptoms 

rather than syndromes or compound severity scores, as we are interested in 

specific symptoms rather than overall depression measures. To investigate the role 

of specific symptoms within the larger pool of depressive symptoms, a network 

perspective could be very useful, as it allows for the investigation of the 

connectivity and interplay between individual symptoms. 

The network approach to psychopathology is a relatively new area of research and 

has been put forth by Borsboom (Borsboom et al., 2011; Borsboom and Cramer, 

2013) and others (Bringmann et al., 2013; van Borkulo et al., 2014). The main 

assumption of this approach is that psychopathological symptomatology arises 

dynamically, with individual symptoms influencing the onset or persistence of 

others, leading to the high variety of symptom patterns observed in patients. In 

other words, psychopathology is defined in terms of a collection of symptoms and 

their interdependencies. In a network, nodes represent a symptom (or a proxy: e.g., 

a questionnaire item) and edges between these nodes represent measures of 

association (e.g., correlations). Insights into mental disorders can be gained by 

looking at the characteristics of the network and the roles of the symptoms within 

the network as a whole. Networks can be estimated in cross-sectional data, where 

they visualize undirected associations between symptoms, but networks can also 

be estimated in longitudinal data, where they reflect directed effects of symptoms 
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over time. A big advantage of the network approach is that there is a large body of 

research on networks from, for example, mathematics (where the field is known as 

graph theory). This research has provided tools for analyzing characteristics of 

networks and obtaining insights into the dynamical interactions between nodes. 

For instance, given an estimated network, one can evaluate which node or nodes 

in the network are most important or ‘central’. Alternatively, one can compare the 

degree of connectivity of different networks. The former characteristic is known as 

node centrality, the latter property is also known as network density. A full 

overview of the many possibilities of network analysis is outside the scope of this 

article. For a more extensive overview of networks in psychopathology, see 

Wigman et al., 2016. 

The current study aims to investigate and compare the role of depression 

symptoms between people with and without MS, by estimating a longitudinal 

network model of depressive symptoms based on longitudinal depression 

assessments in a sample of people with MS and a sample of subjects from the 

general population. As the primary focus of this study was on the differential roles 

of depressive symptoms, the amount of present psychopathology at the first 

measurement was controlled for by pair-matching the two samples on baseline 

severity. After network estimation, the network characteristics were compared 

between the MS and general population samples by looking at overall network 

connectivity (density) and the role of individual symptoms (node centrality) within 

the networks. 
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Methods 

Samples 

Data from two source samples were used: an MS sample and a general population 

sample. The first source sample consisted of individuals diagnosed with MS, who 

were randomly selected from a patient registry maintained by the only MS clinic in 

the Calgary region and includes 3,099 patients, who had not previously opted out 

of research, had not been discharged from the MS Clinic and had a diagnosis of MS 

recorded by an MS neurologist between 2003 and 2009. Recruitment took place 

between June 2011 and January 2012. A random sample of 500 patients were sent 

a recruitment letter by mail from the clinic director and invited to contact the 

research team directly to discuss participation in the study. Of the approached 

patients, 186 responded and expressed willingness to participate. Of these, 177 

provided informed consent and participated in the study. Data collection took place 

between June 2011 and August 2012 by means of a multimodal data collection 

approach. Participants were offered the options of online, telephone and mail 

questionnaires; they could switch modes during the study period. The instrument 

of interest to this study, the PHQ-9, was administered to the study participants at 

baseline and every two weeks subsequently. The duration of the complete study 

was six months, but only data from the first three months are included in the 

current analysis (seven measurements) (Berzins, 2014).  

 

The second source sample consisted of data obtained from 3,304 community 

residents selected by random digit dialing (Gravel and Béland, 2005). Similar to the 

MS subsample, each person in the second sample provided responses to the PHQ-

9 seven times, with two weeks between each measurement. To obtain a general 
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population sample that was severity-matched to the MS sample, the sum score of 

the baseline depression severity measurement was first computed for each subject. 

Next, for every MS participant, 5 subjects with the same depression score at 

baseline were randomly selected from the general population sample (i.e., 5-to-n 

matching). This resulted in a general population sample of 885 subjects. Descriptive 

information for each sample is shown in Table 1 and histograms of baseline sum 

scores of the samples is shown in Figure 1a and 1b.  

 

Table 1: Descriptive information per sample 

 General 

population 

sample 

(N=3,304) 

Multiple 

sclerosis 

sample 

(N=177) 

Matched 

general 

population 

sample (N=885) 

Mean PHQ-9 response at 

baseline (sd) 

0.37 (0.46) 0.62 (0.57) 0.62 (0.56) 

Mean PHQ-9 response follow-

up(sd) 

0.47 (0.82) 0.59 (0.87) 0.30 (0.66) 

Mean age (sd) 44.4 (11.9) 52.9 (11.6) 43.8 (11.8) 

Percent female 67.7% 74.9% 68.0% 

Marital status - Married 72.5% 73.2% 68.1% 

Marital status – Single 13.0% 8.5% 14.7% 

Marital status – 

Widowed/divorced/separated 

14.4% 18.3% 17.1% 

Income < $30K (CAN) 12.9% 18.8%  

Income $30K - 60K (CAN) 24.0% 23.9%  

Income > $60K (CAN) 53.9% 47.9%  
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Figure 1a, 1b: Histograms of sum score at baseline for the MS and general 

population samples. 
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Measurements 

At each repeated measurement, the Patient Health Questionnaire (PHQ-9; (Spitzer 

et al., 1999) was used to rate the severity nine depressive symptoms over the 

preceding two weeks. The PHQ-9 has nine items, each rating one of the nine DSM-

IV/5 symptom-based criteria for a major depressive episode on a scale from 0 (“not 

at all”) to 3 (“nearly every day”). Previously, the PHQ-9 has been found to be robust 

to the presence of patient-reported symptoms attributable to MS (Sjonnesen et al., 

2012). 

Missing data 

There were 1.1% missing data entries in the MS sample and 13.5% missing data 

entries in the general population sample. Both sample data sets were imputed ten 

times using Amelia, an R package that can be used for multiple imputation of 

clustered time-series data (Honaker and King, 2010). During the analyses, 

coefficients for longitudinal and contemporaneous associations between symptoms 

were estimated for each imputed data set. The resulting coefficient matrices were 

averaged and the corresponding network generated. The resulting networks were 

investigated and interpreted.  

Pre-processing 

Because VAR models assume stationary data, each PHQ item was de-trended within 

each person by fitting a non-parametric smoothing spline, using R’s smooth.spline 

function, to the time series and subtracting this from the data so that the resulting 

time series had zero mean. Next, a non-paranormal transformation was applied to 

each item within each person using the huge.npn function from the R package huge 

(Zhao et al., 2012). This was done to reduce the skewness of the distributions, since 
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VAR models assume normally distributed data. If all responses were zero, which can 

happen (especially for items assessing symptoms like suicidal ideation), no pre-

processing was performed. If the responses were constant, the mean was 

subtracted. 

Model fitting 

A vector autoregressive (VAR) lag-1 model was fitted to the preprocessed data 

using the R package SparseTSCGM (Abegaz and Wit, 2013). This package 

implements a VAR model that includes regularization of both the longitudinal as 

well as the contemporaneous associations in longitudinal data. Regularization is a 

way of estimating a model such that spurious effects are weighted down compared 

to maximum likelihood estimates. Regularization is helpful (1) when there are 

relatively few measurements compared to the number of variables, (2) when it is 

assumed that spurious associations exist that one wants to eliminate and (3) to 

facilitate interpretability. The strength of the regularization is determined by two 

parameters: one parameter (λ1) controls the amount of regularization on the 

contemporaneous associations and another (λ2) controls the amount of 

regularization on the longitudinal associations. To illustrate the influence of the 

regularization coefficient λ2 on the structure of longitudinal networks, the network 

structure was estimated for a range of lambda values. Selection of the 

regularization coefficients was performed based on the Akaike Information 

Criterion (AIC).  

There is a close relationship between VAR models and network models. It can be 

shown that, under suitable conditions, the regression coefficients can be properly 

interpreted as edge weights in a directed network representing the longitudinal 

associations between the PHQ-9 items (Dahlhaus and Eichler, 2003). Aside from the 
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VAR regression coefficients, the SparseTSCGM package outputs the inverse of the 

estimated covariance matrix at time t. This matrix was transformed into a matrix of 

partial correlations using a transformation in chapter 5 of (Lauritzen, 1996). These 

partial correlations can be interpreted as edge weights in an undirected network 

representing the contemporaneous associations between the PHQ-9 items. 

Individual person networks 

In the Sparse TSCGM approach, data from persons are treated as replications from 

the same population (i.e. the model is a constant coefficient model). To get a sense 

of individual variation around the population-level estimates, the regularized VAR 

model was also applied to each individual’s data, using the same model fitting 

procedure. Since there are seven measurements for each person across nine items, 

this was not always possible for numerical reasons; individual networks could be 

estimated in 14.8% and 17.5% of all cases in the MS and matched general 

population sample, respectively. In view of these low percentages, these individual 

analyses will be mainly presented for illustrative purposes. After obtaining the 

matrices of longitudinal associations and partial correlations for these persons, 

variability was computed for each edge by computing the standard deviation of the 

corresponding entries of the longitudinal association and partial correlation matrix.  

Network characteristics 

Centrality measures 

Three widely used centrality measures were calculated for each individual item and 

compared between the MS and general population samples: (1) node strength, (2) 

betweenness, and (3) closeness. The node strength is computed by summing the 

absolute values of edge weights and reflects the strength of an average link 
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between two nodes. In the case of directed (e.g. longitudinal) networks, one can 

distinguish between in- and outstrength, considering in- and outgoing edges, 

respectively. Betweenness is a measure that represents how often a node is on a 

shortest path between any two nodes in the network. Closeness is a quantity that 

represents the average length of the shortest path between a node and any other 

node (Barrat et al., 2004); the more central a node is, the closer it is to the other 

nodes in the network. 

Density measures 

The degree of overall network connectivity was also compared between the MS 

and general population samples. This was done by considering the network density, 

which was computed in two ways. In the first approach, the classical notion of graph 

density was used, which is computed by dividing the number of realized (non-zero) 

edges by the number of possible edges. In the second approach, an alternative 

notion of graph density was used (Bringmann et al., 2013), where density is 

interpreted as the average of the absolute values of the edge weights. In both 

variants, autoregressive effects were included. Following (Forbes et al., 2017a), we 

refer to the former density measure as ‘connectivity’ and the latter measure as 

‘density’. 

To test whether the difference in density between the samples was significant, a 

permutation test was performed per density measure; data were reshuffled into 

two samples, a network model was fit for each reshuffled sample and the difference 

in density was computed (Higgins, 2003). This was repeated 70,000 times. The null 

hypothesis in this case is that the difference in density between two networks is 

zero. 
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Results 

With the two regularization coefficients found using the AIC, the analyses resulted 

in near-empty longitudinal networks for both samples (not shown), except for 

autoregressive effects in the MS longitudinal group network for five nodes 

(Speaking Slowly, Feeling Better off Dead, Anhedonia, Concentration, Trouble 

Sleeping). We performed a fixed-length time-series bootstrap for the regularization 

parameters and selected regularization parameters from the 50% most commonly 

found coefficient values to see if this changed the network structure, but this too 

resulted in near-empty longitudinal networks. A plot showing the network 

structure for different values of longitudinal regularization (λ2) is shown in 

Appendix A1.  

The contemporaneous networks for both samples were found using the AIC-picked 

regularization coefficient and are shown in Figure 2. The item ‘Anhedonia’ shares a 

strong connection with items ‘Poor appetite or overeating’, ‘Feeling guilty’ and 

‘Trouble concentrating’ in the MS group but not in the GP group. Furthermore, the 

MS networks differs in that it contains pronounced dyads `Having trouble sleeping` 

<-> `Trouble sleeping`, `Trouble sleeping` <-> `Poor appetite or overeating` and 

`Feeling depressed` <-> `Moving or speaking slowly`. The GP network has a 

noticeable connection between `Feeing guilty` and `Feeling you would be better off 

dead`. 
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Connectivity and Density  

The density measures for the contemporaneous networks are summarized in Table 

2. Connectivity was somewhat higher in the general population network, but the 

difference was not significant (p = 0.68). Density was significantly higher in the 

general population group compared to the MS group (p < 0.001). 

Table 2: Network density measures for the contemporaneous networks, using 

two methods of computing density. 

 
Multiple Sclerosis 

sample 

General population 

sample 

Connectivity (number of realized 

edges/number of possible edges) 
0.68 0.96 

Density (average absolute edge 

weight) 
0.16 0.17 

 

Centrality measures 

For the contemporaneous group networks, node centrality measures 

(betweenness, closeness, and strength) for each item in each sample are shown in 

Figure 3. All nodes of the general population network showed a higher degree of 

closeness than those of the MS network, and most of the general population 

network nodes also showed a higher strength. The nodes corresponding to the 

items ‘Feeling Depressed’ and ‘Anhedonia’ had the highest closeness and strength 

in both networks. The betweenness measure showed that the items ‘Feeling 

Depressed’ and ‘Anhedonia’ were most central in the MS sample and ‘Feeling 

Depressed’ and ‘Lacking Concentration’ were most central in the general 

population sample. With respect to strength, an often-used measure of centrality 

in network psychopathology research, the two networks differed most with regard 
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to the items ‘Feeling Tired’ and ‘Feeling I would Be Better Off Dead’. These items 

showed higher centrality in the general population network. Interestingly, MS-

typical symptoms such as ‘Lacking Concentration’ and ‘Feeling Tired’ had a higher 

centrality in the general population network, regardless of centrality measure. In 

fact, ‘Feeling Tired’ had zero betweenness in the MS sample, while it had the third 

highest betweenness in the general population network. Moreover, the symptom 

‘Feeling I would Be Better Off Dead’ had an equal or higher centrality in the general 

population network, regardless of measure. 

 

Individual networks 

The individual edge variability is shown as a network and adjacency matrix in 

Appendix A2. Here, the thickness of an edge represents the variability of that edge 

across individual networks. The plots indicate sizable interpersonal variability 

compared to the group networks. However, since individual networks could only 

be estimated in a small part of all individuals, these results should mainly be seen 

as an illustration of the interpersonal heterogeneity that is bound to exist in 

individual network estimates. 
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Discussion 

In this study the symptom networks of patients with MS and persons from the 

general population (pair-matched on depression severity) were compared using 7 

repeated measures of depressive symptom data assessed at 2-weeks intervals. In 

both samples, the longitudinal symptom networks were empty, except for some 

autoregressive effects in the MS network, while the contemporaneous symptoms 

networks revealed some interesting symptom associations in the MS and general 

population samples. In these networks, the centrality measures were highest for 

most symptoms in the general population sample. These differences in node 

centrality were not entirely in the direction that one might have expected before 

the analyses: typical MS symptoms such as ‘Feeling Tired’ and ‘Lacking 

Concentration’ were found to have higher centrality in the general population-

group network, compared to the MS-group network. Presence of autoregressive 

effects in the MS network might indicate that those symptoms are more inert 

compared to the general population sample. A possible explanation for this result 

is that in MS the symptoms could be due to lesions that have occurred in the brain. 

These lesions occur during attacks, but after than they persist as areas of gliosis and 

scarring in the brain and can be persistent.  

Interrelatedness between symptoms was observed to be lower in the MS patients 

than the general population sample, even at similar levels of depression baseline 

severity. A reason for this could be that symptoms like lack of energy, sleeping 

problems and cognitive problems occur frequently as part of the MS symptom 

burden and not necessarily in the context of depression, even when other 

depressive symptoms are reported. This aligns with research on depression 

measurement in other somatic disorders that has found that somatic depressive 
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symptoms often reflect the severity of the somatic disease rather than increased 

depression in somatic patients (e.g., Delisle et al., 2012; Wardenaar et al., 2015). 

These results indicate that it is important to not only look at depression sum scores 

when investigating depression symptomatology in MS and other somatic disorders, 

because the validity of these scores as measures of pure depression severity could 

be compromised. One way to deal with this in clinical settings, could be to look 

closer at the individually reported symptoms and discuss with the patient to 

evaluate which of the reported symptoms are likely to mainly be an expression of 

the MS (low energy, sleeping problems) and which could really be an expression of 

comorbid depression (e.g., feeling depressed, feeling guilty). For example, fatigue 

in MS typically is sensitive to heat, which is not true of depression fatigue. Fatigue 

in depression is sometimes described in less physical terms (“I don’t have the 

energy to take a shower”) than in MS where it is often more physical. Moreover, 

depression fatigue is typically at its worst first thing in the morning and gets better 

as you get more active, whereas with MS you tend to be energetic after sleep. 

Interestingly, using even a small amount of regularization resulted in empty 

longitudinal networks (apart from autoregressive effects, which may hint to some 

more inertia of selected symptoms in MS). There are different possible 

explanations for this. First, the results may suggest that relevant cross-lagged 

effects were not present in these data, which could be due to the fact that the 

measurements were two weeks apart and only within-subjects effects were 

estimated (due to the person-wise detrending of the item scores). Second, the 

finding may reflect a power problem, since seven repeated assessments may not 

be enough to detect (small) cross-lagged effects in samples of this size. Third, the 

regularization approach may not be suitable for this specific kind of data. For 

instance, it could be that regularization has more use for datasets with a larger 
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number of variables/items. Fourth, many penalty functions exist and it could be 

that a different choice of regularization parameters had resulted in different 

findings. In the future, it might be interesting to investigate the effects of the used 

regularization penalty function on the resulting network structure.  

The connectivity and density analysis of the group networks indicate the 

importance of selecting suitable network characteristics; while the difference in 

connectivity or density might be significant for one measure, it might be non-

significant for the other. It is therefore important for researchers in this field of 

research to formulate reasons for picking one particular characteristic over 

another; the choice may qualitatively influence the outcome of the analysis. In this 

particular case, it is not at all certain there is any clinically relevant difference 

between a density of 0.16 and 0.17, respectively. The difference in amount of 

contemporaneous covariation within items in the GP group is higher compared to 

the MS might also play a role here. 

The pair-matching by baseline severity sum score has allowed for adjustment for 

the fact that people with MS have more psychopathology on average than people 

from the general population sample. This prevents the problem that differences in 

network characteristics may be due to differences in mean levels (and associated 

differences in variances; (Terluin et al., 2016). However, it should be considered 

that matching was done based on baseline severity and the networks were based 

on a total of seven consecutive measurements. 

Future research might focus on the replicability of these results; focusing in 

particular on the specific symptoms that seem to play a different role in both 

samples. Another topic of interest is the longitudinal aspect of these analyses; is it 

possible to do meaningful network analysis with such a low number of 
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measurements over time, and how strongly is this impacted by the number of items 

that are measured? Moreover, recent developments in network methodology has 

opened the door to modeling series that change over time and consists of mixed 

data (Haslbeck and Waldorp, 2015). 

Strengths and limitations  

This study had several strengths, including the longitudinal assessments, use of 

multiple centrality and density measures and the pair-matching between the 

general population and MS sample. However, some limitations also have to be 

discussed. Firstly, the fact that an AIC-selected longitudinal network is near-empty 

for both samples could indicate that the used datasets did not contain enough 

information to detect longitudinal effects with the used methodology. Additional 

analyses showed that the selection of the regularization parameters can have 

strong consequences for the network structure, even when the values of these 

parameters are close to each other (see Appendix A1). This indicates that, although 

extremely useful, regularization can be quite a rigorous process with a certain level 

of arbitrariness. Secondly, different measures of network characteristics (i.e. 

centrality, density) did not always agree with each other, making the interpretation 

of the results harder. For instance, the difference in network density was found to 

be significant when using the Bringmann approach, but was not significant when 

using the classical density measure. The performed analyses in this paper show that 

there are definitely differences between the two samples, but that one needs to be 

careful with the interpretation as the choice of specific measures has a strong 

influence on the eventual interpretation. Secondly, the matching process described 

in this article is only one of a number of possible matching schemes. In this case, 
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matching by e.g., mean sum scores computed for each individual over all time 

points was not possible due to sample size limitations.  

Fitting individual networks showed that although on a group level networks may be 

empty, individual networks may display high variability. Unfortunately, these 

analyses were only possible in a small fraction of all individuals, indicating that the 

structure of this dataset was insufficient to consider this aspect.  

In conclusion, the analysis shows tepid support for the case that depression 

symptoms play a different role in the MS sample versus the general population 

sample, but future research is needed to investigate (i) optimal methodology for 

datasets with the dimensions like the ones used in this paper and (ii) principled 

arguments for selecting one network characteristic over another. 
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Appendix A1: 

Plots of longitudinal group networks for the general population (top row) and the 

MS population (bottom row) for increasing penalty coefficients. 
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Appendix A2: 

Network of individual edge variability for the GP (left column) and MS (right 

column) samples. Top row shows longitudinal networks, bottom row shows 

contemporaneous networks. 

 

1: Anhedonia, 2: Depressed, 3: Trouble Sleeping, 4: Tired, 5: Appetite, 6: Guilty, 7: Concentration,  

8: Speaking Slow, 9: Better off Dead   
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